Consistent Modeling of Occupant Behavior in Detailed and Simplified Calculation Methods for Heating Energy Need  by Morishita, Naomi et al.
1876-6102 © 2015 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the CENTRO CONGRESSI INTERNAZIONALE SRL
doi: 10.1016/j.egypro.2015.11.048 
 Energy Procedia  78 ( 2015 )  645 – 650 
ScienceDirect
 
 
6th International Building Physics Conference, IBPC 2015 
 
Consistent modeling of occupant behavior in detailed and simplified 
calculation methods for heating energy need 
Naomi Morishitaa, Kerstin Seifa, Thomas Bednara* 
aResearch Center for Building Physics and Sound Protection, Institute for Building Construction and Technology, Vienna University of 
Technology, Karlsplatz 13, 1040 Vienna, Austria 
 
 
 
Abstract 
 
In Austria, user behavior is considered as a set of static values in the energy certificate calculations. As part of the 
research of Annex 53, “Total Energy Use in Buildings”, the static user profile is challenged as an accurate 
representation of user behavior. A consistent approach has been formulated to derive average values for the energy 
performance calculations for residential buildings along with probability distributions for energy demand for 
different qualities of building envelopes. 
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1. Background 
 
In March 2007, the European Council set a goal to reduce primary energy consumption by 20% by the year 2020, 
referencing 1990 levels as part of the action plan to reach the goals set in the Kyoto Protocol [1]. Other associated 
directives such as the Energy Performance of Buildings Directive (EPBD) [2] and the Energy Efficiency Directive 
(EED) have the same goals of energy efficiency improvements in buildings and in other sectors such as transport, 
products and services [3]. 
Modeling user behavior as a part of whole building simulations is gaining importance as research indicates the 
large impact of occupants’ actions on total energy use in buildings [4, 5]. The availability of whole building 
simulation tools on the market is increasing with the importance of minimizing energy use in buildings [6]. Until the 
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current trend to reduce overall energy consumption in buildings, simulation programs to predict energy use in 
buildings primarily focused on various design and performance qualities of the exterior envelope with building 
systems dimensioned to provide a given set-point temperature [7]. Building performance simulation involves the 
interaction of four main aspects: the quality of the building envelope, building services, climate, and occupants [8]. 
Several researchers are incorporating more input parameters related to user behavior in whole building 
simulations and introducing detailed user modeling tools such as probabilistic modeling using Markov chains and 
Monte Carlo methods [9], agent-based modeling [10], and artificial intelligence models such as artificial neural 
networks and support vector machines [8]. 
For individual buildings, deterministic behavior models in whole building simulations have been criticized for 
inaccuracies due to generalized assumptions made for all users causing underestimations of actual energy 
consumption [5, 11]. Especially when comparing the energy use pattern of a single household to the fixed values 
representing energy-related behavior, large discrepancies have been observed. As energy certificate calculations are 
required during various phases of design development, design consultants have stated that the detailed simulation 
tools produce redundant results and are therefore not used [12]. In Austria, user behavior is considered as a set of 
static values in the energy certificate calculations [13]. 
The question arises whether the static user profile is sufficient and accurate enough in its representation of user 
behavior in the energy certificate calculations, or if simulations with detailed representations of occupant behavior 
are necessary to calculate heating energy load. As part of the research of Annex 53, “Total Energy Use in 
Buildings”, the appropriateness of a static user profile in energy certificate calculations is questioned. 
In this paper, a new occupant behavior model by Seif using stochastic methods is introduced [14]. This two-step 
model incorporates the outputs of a user action model as the input to a building simulation program to estimate the 
impact of user actions on heating energy demand for the earliest stages of design development and for estimations of 
large populations at a regional or national level. 
 
2. A new tool to predict the impact of energy-related occupant behavior 
 
The first model stochastically generates a set of energy-related user actions for a whole family within a single- 
family home (detached house). The outputs are used as inputs for whole building simulations and calculations of 
heating energy demand. The user action model is designed as an add-on to the whole building simulation program, 
BuildOptVIE [14]. Both programs are being developed at the Research Center for Building Physics and Sound 
Protection at the Vienna University of Technology. The accuracy of the BuildOptVIE building simulation has been 
validated against measurement results [15, 16]. Within the whole building simulation, the sets of user profiles 
interacts with three single-family house profiles representing different building standards: existing (E) representing 
the Austrian building code in the 1970’s, Low Energy (L), and Lowest Energy (LE). The energy demand for space 
heating from the simulations are averaged and compared to the monthly balance method calculations from the 
energy certificates using the average values of the occupant behavior sets. 
 
2.1. Input parameters 
 
The user of the occupant behavior tool provides four input parameters [14]: 
1. The number of people in the household, 
2. The desired set-point temperatures in °C, 
3. Internal gains from appliances in W/hour·  Person, and 
4. Room use type for each room in the house. 
The input parameters are based upon the number of people and lifestyle-based energy-related behavior decisions. 
As the age, gender, or relationship of the inhabitants are not important for the simulation, but rather the occupancy 
schedule and number of people in the house, people are represented as adults and pre-school  children since 
preschool children are dependent upon a full-time caregiver at home. Personal characteristics are not influential 
factors and are disregarded in the simulation. The identity of the primary caregiver may also change without 
affecting either the presence schedule or number of people in the home. Once children begin school, their home 
occupancy schedule resembles the schedule by working adults. The household sizes vary from one to five people. 
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The user also provides room use types in the program, as the uses of some rooms in an architectural plan may be 
ambiguous. For example a secondary “bedroom” may be used as a children’s bedroom, home office, guest bedroom, 
or hobby room. Thus, four use profiles can potentially be applied to the same space with different heating profiles 
[14]. 
 
2.2. How user actions are considered in the tool 
 
The energy-related decision tool analyses the house on a room-by-room basis relating heating type to room 
function and adjacencies. Primary rooms such as kitchens, bedrooms, living and dining rooms are divided into two 
categories: always heated and partially heated according to use. Secondary areas, such as circulation spaces and 
storage rooms, are also broken down into two categories: unheated and heated [14]. The correlation follows that if 
an occupant is conscious about the impacts of their actions on energy use, they will take measures to minimize their 
heating energy use by only heating the rooms as they are used, leaving all other rooms unheated. Thus, if an “energy 
conscious” inhabitant heats their primary rooms according to a schedule, they will also leave their secondary rooms 
unheated. Dörn illustrated the importance of considering the effect of partial heating. In his study, the homeowners’ 
room heating consumption was significantly lower than estimated due to partial heating patterns [17]. 
 
2.3. Outputs from the energy-related occupant model as inputs for building energy calculations 
 
An occupant behavior profile set with 1,000 individual stochastically generated user profiles results from the user 
actions model. The profiles form one of two input sets for the building performance simulation. Three profiles of a 
detached house with building characteristics meeting the three different building standards (E, L, and LE) form the 
second set of inputs. It is assumed that the heating system controls remain the same for all three building standards, 
and thus the individual households interact within the home in the same manner for all three standards. The 
simulation results in three sets of heating energy demands which are then averaged for comparison to the monthly 
balance method calculation results. 
The simulation also produces three averaged values as inputs for the monthly balance method calculations [14]: 
x average indoor temperature, 
x average internal heat gains, and 
x average ventilation rate. 
The simulation results are calculated together with the averaged values of the occupant behavior sets to determine 
the monthly balance method annual heating energy demand [14]. Empirical studies have shown that averaged values 
show greater concurrence with larger sample sizes. A comparison of the energy use in three lowest energy apartment 
buildings in Vienna using post-occupancy monitoring of heating energy use of DHW and room heating has been 
published by Bednar et al. [18]. Yao and Steemers also used average values for matching the energy demand to load 
for planning renewable energy systems in individual buildings at an early design stage [19]. However, Yao and 
Steemers’ electrical load profile model makes assumptions about occupancy schedules, takes the highest possible 
daily energy load (worst case scenario) for each appliance before using random numbers to generate specific profiles 
for each scenario. As they determined that the seasonal influence is minimal, the daily use profile was applied for 
the entire year. 
Average value models define key representative parameters for occupant behavior which influences the total 
energy use of a building for a selected period (e.g. daily, weekly, or monthly basis). Estimating energy use on a 
larger scale, such as on a regional or national level, does not require the minute detail required for individual 
buildings. Rather the key characteristics of the representative household for the sample size are required [19]. 
 
3. Results and discussion 
 
The set of 1,000 randomly generated occupant behavior household profiles resulted in showing the hourly 
energy-related behavior for 1,000 different households over a year. Interacting with the whole building simulation, a 
set of 1,000 heating energy demand outputs for each building standard is generated [14]. Fig. 1 shows the frequency 
distribution of the occupant behavior family profiles for each building standard. It is seen that the distributions 
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exhibit more positive skewness as the quality of the building envelope improves. The heating energy need of the 
existing building standard has a normal distribution (blue), the low energy standard shows slight positive skewness 
(red), and the lowest energy standard exhibits the strongest positive skewness (green) of the three. 
 
 
Fig. 1: Frequency distributions for the impact of user behavior on heating energy need for a house built to three building standards: Existing (E), 
Low Energy (L), and Lowest Energy (LE) [14]. 
 
Fig. 2 shows the average heating energy demand for each building standard interacting with the 1,000-profile set 
calculated using the dynamic building simulation and the monthly balanced method. Similar to Fig. 1, the difference 
between maximum and minimum values decreases along with annual heating energy demand in relation to 
increasing building envelope quality. 
 
 
Fig. 2: A comparison of averaged heating energy demand for a house built to three building standards using simulation and monthly balanced 
calculations [14]. 
 
Proportional to the heating energy need, the standard deviation from the dynamic simulation increases with a 
higher quality building standard indicating that the influence of occupants’ energy-related actions increases in 
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sensitivity with a better quality building. The standard deviations are ± 34 %, ± 42%, and ± 75% respectively. 
Bednar et al. compared the results of the monthly balanced method, simulation results and the actual heating 
consumption of three different apartment buildings. He also found that the calculated value was representative of 
heating energy use if the calculation is performed correctly, and if the building envelope and building systems are 
built meeting the standard’s requirements [18]. The frequency distribution of the heating use by individual 
apartments in the monitored apartment buildings also showed a similar pattern where the average of all household- 
heating consumptions resembled the calculated energy certificate value. The close correlation between both 
calculation methods indicates that the average value is representative of a typical household, but the widespread 
standard deviation shows that differences in energy-related household behavior can significantly impact heating 
energy need for individual households. Driving forces behind the different heating decisions made are published in 
Volume 2 of the Annex 53 final report [20]. 
 
4. Conclusions 
 
The occupant behavior model considered complex factors such as the relationship of occupancy to the level of 
independence of family members. Different heating behaviors have been considered in the model, including 
decisions to partially heat different rooms in the house at different times by different users. Considering partial 
heating behavior is very important as it has a significant impact on total heating energy need. 
The model verifies the accuracy of the monthly balanced method as representative of the average heating energy 
demand for single-family homes. The average value becomes more representative of heating energy need in all 
building categories with larger sample sizes. The frequency distribution of heating energy need becomes smaller 
with better building quality; however, the proportional impact of occupant behavior also increases with building 
quality. 
The models discussed in this paper studied the impact of energy-related occupant behavior in households on 
heating energy need. The interaction of the two models combines the results of two different simulations to 
determine the impact of energy-related residential occupant behavior on heating energy need. In the two models, 
four different sets of factors have been considered: energy-related occupant behavior in the first model, and the 
interaction of climate, building envelope quality and building technical systems within the second. The energy- 
related occupant behaviors and building quality were varied to determine how different behaviors influence the 
heating energy need, and the average of 1,000 household profiles was determined and compared to the output of the 
quasi-stationary monthly balanced method. A strong correlation was shown between both models indicating that the 
monthly balanced method is representative of an average Austrian household. 
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